Abstract
Introduction
Automated text messaging can deliver self-management education to activate self-care behaviors among people with diabetes. We demonstrated how a discrete-choice experiment was used to determine the features of a text-messaging intervention that are important to urban, low-income Latino patients with diabetes and that could support improvement in their physical activity behavior.
Methods
In a discrete-choice experiment from December 2014 through August 2015 we conducted a survey to elicit information on patient preferences for 5 features of a text-messaging intervention. We described 2 hypothetical interventions and in 7 pairwise comparisons asked respondents to indicate which they preferred. Respondents (n = 125) were recruited in person from a diabetes management program of a safety-net ambulatory care clinic in Los Angeles; clinicians referred patients to the research assistant after routine clinic visits. Data were analyzed by using conditional logistic regression.
Introduction
Latinos are less likely than non-Latino whites to receive diabetes self-management education (DSME), and they report worse diabetes self-care behaviors (1). Many barriers preclude Latinos from receiving DSME, including health system factors (eg, lack of access to care and provision of health education); provider factors (eg, language and cultural differences, ineffective interpersonal communication); and patient factors (eg, low health literacy and numeracy, cultural differences in health perceptions) (2) (3) (4) (5) . Readily available communication technologies, such as automated text messaging, are alternative methods for delivering DSME with the potential to reach, engage, and activate self-care behaviors among Latinos. Technologies can use patients' preferred language, create content targeted to patients' cognitive abilities, address patients' needs according to patients' preferences, and deliver messages at a relatively low cost. A systematic review found that text message interventions (TMIs) delivering health education made significant improvements in glycemic control among people with type 2 diabetes (6) ; however, most of the studies examined in the review were conducted in Asia, limiting the generalizability of their findings.
Research is needed to design, implement, and evaluate the effectiveness of using technologies such as text messaging to provide health education to vulnerable racial and ethnic minorities and prompt their self-care behaviors (1,7). Evidence on the design of such technologies is insufficient. Although partial guidance is sometimes drawn from behavior-change theories, designing TMIs based on behavior-change theories alone is not sufficient to overcome a major challenge in TMI research: lack of sustained patient engagement (8) . Research suggests that people are more likely to use technologies that address their needs and preferences than those that do not (9) . Therefore, a sensible approach to designing effective and engaging TMIs may be to incorporate both behaviorchange theory and patient preferences.
Research is lacking on patient preferences for TMIs and how to elicit information about such preferences. One study (10) used a survey to investigate preferences for diabetes self-management support but only assessed preferences for various delivery modes. Another study (11) surveyed young adults to explore their opinions on the attributes of a mobile health application to promote physical activity; in this study, however, participants were Dutch, and most were female, highly educated, and physically active, making the results difficult to generalize. During the development of a TMI for weight loss, another study (12) conducted a focus group to assess, among other things, preferences for type and frequency of messaging, but details on preferences were not provided.
A drawback to the traditional surveys and focus groups used by previous studies is that they cannot quantify degrees of importance of technology intervention features. Additionally, research participants tend to state that all features are equally important; research participants also perceive features evaluated in isolation differently than they perceive features combined in actual products and services (13) .
A discrete-choice experiment (DCE) (14) is an innovative, efficient approach that can overcome the limitations of approaches traditionally used to investigate individual preferences for technology-based health self-management interventions. DCEs originated in marketing research but are increasingly used to elicit data on patient preferences for health service delivery (15) .
In a DCE, a product or service is described by its attributes. Each attribute has various levels. For example, 1 attribute of a health care delivery system is appointment waiting time; this attribute could have levels of 3 to 6 days, 7 to 10 days, or 11 to 14 days (15) . A survey is used to ask participants to state their preferences for hypothetical alternatives of the product or service. Alternatives are described by attributes and differ by attribute levels. Thus, each alternative is a different combination of attribute levels. Responses are used to determine whether the attributes significantly influence preferences, the relative importance of the attributes, and which attribute levels are preferred.
We conducted a study to demonstrate the potential of DCEs to elicit information on the preferences of patients for various TMI attributes. We focused on TMIs that may help to reduce disparities in the receipt of DSME and engagement in self-care behaviors among urban, low-income Latino adults with diabetes. We also focused on TMIs that support changes in physical activity behavior, because people with type 2 diabetes who exercise regularly improve control of blood glucose and insulin sensitivity (16) . Only 28% of Latinos with diabetes are sufficiently active (17) . Latinos perceive physical activity as one of the most difficult aspects of diabetes self-care, and most DSME delivered via text messaging targets other self-care behaviors (6, 18) . The primary objective of this study was to demonstrate how a DCE could be used to determine, from the patient perspective, the importance of TMI features in supporting physical activity behavior change. The secondary objective was to demonstrate how a DCE could be used to investigate how feature preferences vary by patient characteristics (eg, age, sex, education).
Methods
This study was conducted from December 2014 through August 2015. The DCE comprised 4 steps: 1) identifying levels of attributes of the intervention, 2) constructing choice sets and designing a survey, 3) conducting the survey among members of the target audience to measure preferences, and 4) analyzing the data. A convenience sample of 125 survey participants was recruited from an ambulatory care clinic of the Los Angeles County Department of Health Services, a public safety-net health system. The Health Sciences Institutional Review Board at the University of Southern California approved the study.
Step 1: Identify levels of attributes of the intervention We derived attributes from 26 behavior-change strategies used in similar interventions (19) and constructed a subset of 12 attributes by excluding those that did not meet at least 2 of 3 criteria: 1) the attribute was linked to a theoretical framework, 2) evidence showed that the attribute could improve physical activity behavior, and 3) the attribute could address physical activity barriers among Latinos.
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Because DCE guidelines suggest using 6 or fewer attributes (20) , the 12 attributes were combined or re-expressed as 4 attributes: 1) setting physical activity goals, 2) feedback on physical activity performance, 3) education on physical activity behavior change, and 4) social support. We added a fifth attribute, frequency of messaging, because we hypothesized that message frequency would be important to the target audience.
To minimize the cognitive burden on survey respondents, we assigned 2 levels per attribute. DCE guidelines suggest using 2 to 5 levels (20) . To comply with guidelines suggesting that levels cover the full range of product and service possibilities, we reviewed published studies and consulted experts to understand how the 5 attributes are typically operationalized and selected the 2 most salient ways as the 2 levels. We finalized attribute and level descriptions (Table 1) after adjusting them for clarity and concision according to feedback obtained during a pilot test involving 6 people (research assistants and clinicians) who work with our target population.
Step 2: Construct choice sets and design survey
To construct the choice sets (generally 2 or more hypothetical product or service alternatives), we first generated an experimental design to specify the attribute-level combinations (ie, alternatives) respondents would evaluate in the survey. A full-factorial design would require respondents to evaluate 32 alternatives (5 attributes at 2 levels each). To make the survey more manageable, DCE macros available in SAS software (SAS Institute Inc) were used to construct a D-efficient experimental design that would require respondents to evaluate fewer combinations while minimizing variances of the parameter estimates (21) . The resulting experimental design consisted of 12 combinations.
Next, the DCE macros were used to place the 12 alternatives into pairs in a way that would allow us to estimate all parameters (21) . Each pair represented a choice set for respondents to evaluate. For the pilot test, we developed several surveys, each with a different number of choice sets generated by SAS. We asked the 6 pilot-test respondents to indicate at what point they felt too burdened to continue evaluating choice sets and determined that respondents could reasonably be expected to evaluate up to 7 choice sets.
On the basis of the pilot findings, we designed a survey with 7 questions that corresponded to the 7 choice sets (Appendix). For each of the 7 survey questions, we designed 2 cards, one for each alternative (Program A and Program B). Each card depicted a man or woman (depending on the respondent's sex) and was available in English and Spanish. Each card (Figure) had 5 sections that used pictures and text to describe the attributes. Each card included all 5 attributes, but the attribute levels differed from card to card. The attribute-level combinations depicted in each card corresponded directly to the 12 alternatives. Step 3: Conduct survey to measure preferences Using Orme's calculation (based on 7 questions, 2 alternatives per question, and 2 levels per attribute), we determined that the minimum sample size to estimate a main-effects model was 71 (22) ; therefore, we set our goal as 125 respondents.
Any adult patient in the ambulatory care clinic's diabetes management program, which serves approximately 1,200 patients per year, was eligible to participate in the survey. After a routine clinic visit, a patient was informed by a clinician that he or she was eligible to participate in a survey. If patients were interested, they were referred to the research assistant. Clinicians did not keep track of how many patients declined to participate. Recruitment took place from December 2014 to August 2015. All 125 patients who contacted the research assistant completed the survey. Patients signed a consent form and received $10. The research assistant administered the survey in person at the clinic. For each of the 7 choice questions, the research assistant placed 2 cards in front of the respondent and described each alternative. The research assistant then asked the respondent, "If you were going to join one of these two programs to help you improve your physical activity, which one would you prefer?" The research assistant recorded the 7 responses for each respondent using a paper-based log.
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Step 4: Analyze the data Methods to analyze DCEs put forth by Ryan et al (14) and Kuhfeld (21) guided our analysis. For each choice question, we assumed that the respondent would choose the alternative that led to higher utility (ie, value). Thus in a choice set consisting of 2 program alternatives, i and j, a respondent would choose program j if U j (z j , c) > U i (z i , c) in which U represents the respondent's latent utility, z represents the attribute levels describing the alternative, and c represents the respondent's characteristics. The latent utility is U = V + ε, in which V = f (z, c) is the deterministic component of utility and ε is the random component.
The choice model is the difference in utilities between program alternatives i and j. Because we observed choice rather than differences in utilities, we used a binary variable, y n , to reflect the n th respondent's choice of program. Therefore, the form of the choice model is y n = (α + βz i + ∂c n + ε in ) − (α + βz j + ∂c n + ε jn ), in which α is the constant term, β represents the part-worth utility (the relative contribution of the attribute level to the overall utility derived from a particular alternative) of each attribute level, and ∂ represents the influence of respondent characteristics on choice of program. This choice model simplifies to y n = β (z i − z j ) + (ε in − ε jn ). That is, a respondent's choice of program is a function only of the programs' characteristics. We estimated the model using conditional logistic regression in SAS software. The coefficient estimates indicated (by statistical significance) whether the corresponding attributes were important to patients when they made decisions about their preferred TMI. The coefficient estimates also indicated (by relative size) how important each attribute was in relation to others. A positive coefficient for a given attribute indicated that a respondent preferred level 1 to level 2.
We can also assume that β (ie, the part-worth utility of each attribute level) depends on c n ; that is, β = π + λc n , in which π is a constant term and λ represents the influence of respondent characteristics on part-worth utility. The choice model thus becomes y n = [α + (π + λc n )z i + ∂c n + ε in ] − [α + (π + λc n )z j + ∂c n + ε jn ], which simplifies to y n = π(z i − z j ) + λc n (z i − z j ) + (ε in − ε jn ). We estimated this model using conditional logistic regression in SAS software to examine how preferences varied according to a respondent's age, sex, and education. A significant coefficient indicated that attribute preferences varied by respondent characteristics.
To assess the models' goodness of fit, we used χ 2 tests, which test the null hypothesis that the independent variables do not influence choice. All P values less than .05 were considered significant.
Results
The average age of the survey respondents was 52.6 years ( Table  2 ). Most respondents were Latino (99.2%), female (71.2%), and preferred to speak Spanish (85.6%), and had less than a high school diploma (71.5%). The average number of years since receiving a diagnosis of diabetes was 10.8 years.
According to the main-effects-only model, 2 attributes significantly influenced preferences: frequency of messaging and physical activity behavior-change education. Respondents derived a greater utility from frequency of messaging (coefficient, 0.37; standard error [SE], 0.08; P < .001) than they did from physical activity behavior-change education (coefficient, 0.28; SE, 0.08; P < .001). Although the other attributes were not significant, social support had the next highest part-worth utility (coefficient, 0.10; SE, 0.08; P = .21), followed by feedback on physical activity performance (coefficient, 0.08, SE, 0.08; P = .32) and goal setting (coefficient, 0.06; SE, 0.08; P = .47).
Respondents preferred to have clinicians (rather than the patients themselves) recommend both frequency of messaging and content of the physical activity behavior-change education. Although the other attributes in the analysis of preferred levels were not significant, respondents preferred programs in which their families learn how to provide support (rather than programs in which patients support one another), feedback is based on individual physical activity performance (rather than feedback based on comparisons with other patients), and clinicians (rather than the patients themselves) recommend physical activity goals.
We found only one significant interaction in the analysis of the influence of patient characteristics on preferences: respondents with less than a high school diploma derived a greater utility from clinician-recommended physical activity goals than patients with a high school diploma or higher. Those with at least a high school diploma derived a greater utility from selecting their own individualized physical activity goals.
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Discussion
We illustrated how a DCE could be used to determine which TMI attributes are important to urban, low-income Latino patients with diabetes, the relative importance of the attributes, the preferred attribute levels, and how preferences vary by patient characteristics.
Despite the advantages of DCEs over traditional surveys and focus groups for eliciting information on preferences for health selfmanagement technologies, this approach and the results it generates have limitations. The stated preferences of survey respondents for features of health self-management technologies may not align with the features they would choose in real-life settings (14) . Revealed preference methods, on the other hand, address this limitation by measuring people's preferences retrospectively through their choices (23) . Revealed preference methods, however, would require data on actual health self-management technology choices, which to our knowledge are not available. Future research should assess the predictive value of DCEs by, for example, asking patients about their preferences for health self-management technologies and subsequently offering them a health self-management technology tool to see if they behave in accordance with what they stated in the DCE survey (24).
Although DCEs can distill features of health self-management technologies that are important to patients, there is no guarantee that technology incorporating patients' preferred features would improve health outcomes. The technology would, however, have a higher likelihood of being accepted (and thus used) by patients (9) . In a DCE, researchers select the features (ie, attributes) describing the hypothetical health self-management technologies that patients are asked to evaluate in a survey. The degree to which a technology designed in accordance with the preferred features will be effective depends on the features used in the DCE and how they were selected. As this study demonstrated, researchers should carefully select features based on a theoretical framework or empirical evidence or both. After preferred features are identified through a DCE, research should examine their impact on health outcomes.
A limitation of this study is that we used a convenience sample, so the findings should be interpreted with caution. We conducted this study primarily to demonstrate the use of DCEs to estimate, from the patient perspective, the importance of TMI features to support physical activity behavior change. Because we used a convenience sample, the results may not be generalizable to the broader population of urban, low-income adults with diabetes. However, based on a previous large-scale research study of patients in a diabetes management program at Los Angeles County Department of Health Services (25), we determined that our 125 study participants had similar characteristics with the target population of urban, low-income, predominantly Latino adults with diabetes.
Using a DCE to systematically quantify patient preferences for features of health self-management technologies is a feasible approach. However, discrepancies may exist between patients' stated preferences and their actual behavior. Future research is needed to assess the extent to which DCEs predict patients' choices of health self-management technologies in real-life settings. Moreover, we do not know whether technologies that address patient preferences improve health outcomes. Future research should investigate the impact of preferred technology features on health outcomes.
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